Carbon (C) storage for all the components, especially dead mass and soil organic carbon, was rarely reported and remained uncertainty in China's forest ecosystems. This study used field-measured data published between 2004 and 2014 to estimate C storage by three forest type classifications and three spatial interpolations and assessed the uncertainty in C storage resulting from different integrative methods in China's forest ecosystems. The results showed that C storage in China's forest ecosystems ranged from 30.99 to 34.96 Pg C by the six integrative methods. We detected 5.0% variation (coefficient of variation, CV, %) among the six methods, which was influenced mainly by soil C estimates. Soil C density and storage in the 0-100 cm soil layer were estimated to be 136.11-153.16 Mg CÁha À1 and 20.63-23.21 Pg C, respectively. Dead mass C density and storage were estimated to be 3.66-5.41 Mg CÁha À1 and 0.68-0.82 Pg C, respectively. Mean C storage in China's forest ecosystems estimated by the six integrative methods was 8.557 Pg C (25.8%) for aboveground biomass, 1.950 Pg C (5.9%) for belowground biomass, 0.697 Pg C (2.1%) for dead mass, and 21.958 Pg C (66.2%) for soil organic C in the 0-100 cm soil layer. The R:S ratio was 0.23, and C storage in the soil was 2.1 times greater than in the vegetation. Carbon storage estimates with respect to forest type classification (38 forest subtypes) were closer to the average value than those calculated using the spatial interpolation methods. Variance among different methods and data sources may partially explain the high uncertainty of C storage detected by different studies. This study demonstrates the importance of using multimethodological approaches to estimate C storage accurately in the large-scale forest ecosystems.
Introduction
Forest ecosystems contain over 45% of carbon in terrestrial biosphere and thus play a leading role in the globe carbon cycle (Beer et al. 2010 ). An accurate estimate of ecosystem C storages in forests is crucial for predicting the national carbon-climate feedback and guiding the implementation of mitigation policies (Beer et al. 2010; McKinley et al. 2011; Pan et al. 2011; Yang et al. 2014 ). China's forests make up 5% of the globe total and rank as the fifth largest area in the world (Hu et al. 2015) . Furthermore, the Chinese government has signed the "United Nations Framework Convention on Climate Change" and the "Kyoto Protocol," pledging to increase 40 million hectares of forest area by 2020 from the 2005, aiming to noticeably enhance C sequestration by China's forests (Zeng 2014) .
Several studies have demonstrated that China's forests act as carbon sink based on the National Forest inventory data (Fang et al. 2001; Pan et al. 2004; Piao et al. 2005; Xu et al. 2007; Zhao et al. 2013) . Some studies indicate that China's forests have tremendous potential to increase C storage through afforestation or improved forest management (Deng et al. 2014; Song et al. 2014; Wang et al. 2014) . However, many studies only focused on the biomass C storage in China's forests, C storage capacity in other components of forest ecosystem, such as dead mass (DMC) and soil organic carbon (SOC), has been rarely reported (Dixon et al. 1994; Zhou et al. 2000; Ni 2001; Li et al. 2004; Yu et al. 2010) . Carbon storage in soils in China was considerably high, accounting for 12.8% of the global C pool, and played an important role in the global carbon cycle (Fang et al. 1996) . However, the estimates of C storage in different components, especially SOC in China's forest ecosystems, are still uncertain. The uncertainty in ecosystem C storage estimation limits our understanding on whole-ecosystem carbon balance in China's forests and its feedback to climate warming (Luyssaert et al. 2010; Pan et al. 2011; Yang et al. 2014) .
The uncertainties in ecosystem C storage estimation in China's forest ecosystem are mainly induced by data sources and methods. Many scientists estimated biomass C based on National Forest inventory (NFI) data by biomass expansion factor (BEF) method (Fang et al. , 2001 Pan et al. 2004; Xu et al. 2007; Zhang et al. 2013) . Piao et al. (2005) and Chi (2011) assessed biomass C based on satellite data by remote sensing method. Other scientists estimated biomass C storage using mean carbon density method based on field-measured data (Dixon et al. 1994; Zhou et al. 2000; Ni 2001 ). These different data sources and methodological issues led to large uncertainties in biomass C density estimates (ranging from 32 to 114 Mg CÁha À1 ) and biomass C storage estimates (ranging from 3.26 to 19 Pg C in 1980s). Even using the same NFI data during the period from 2004 to 2008, different methods cause the estimates of biomass C density to range from 37.94 to 50.71 Mg CÁha À1 and biomass C storage to range from 6.24 to 9.25 Pg C (Guo et al. 2010; Li et al. 2011; Zhao et al. 2013 ). Compared with NFI for different time periods, periodic soil surveys have been conducted less frequently. Consequently, contemporary soil carbon measured data are often unavailable (Yang et al. 2014) . The lack of sufficient soil organic C measurements has been the largest obstacle to elucidate the current status of soil C storage (Yang et al. 2007; Yu et al. 2010; Pan et al. 2011) . Based on historical soil survey data and the global soil data sets in 1980s, soil organic C storage and C density in the 0-100 cm soil layer in China's forests have been estimated to be Mg CÁha À1 , respectively (Dixon et al. 1994; Zhou et al. 2000; Li et al. 2004; Xie et al. 2004; Yang et al. 2007; Yu et al. 2007) . The large variability in soil carbon observed among previous studies may be partly induced by the lack of contemporary measurements of C stock in forest soils (Pan et al. 2011; Yang et al. 2014) . Furthermore, dead mass C in China's forests has been very rarely reported (Zhou et al. 2000) . Therefore, estimates of C storage remain uncertain in China's forest ecosystems.
Different methods have been used to estimate C storage in China's forest ecosystems, including the mean carbon density method based on field investigation data (Dixon et al. 1994; Ni 2001; Guo et al. 2010) , the BEF method based on NFI data (Fang et al. 2001; Zhao and Zhou 2006; Xu et al. 2007; Zhang et al. 2013) , remote sensing (Piao et al. 2005; Chi 2011 ), modeling (Dixon et al. 1994; Li et al. 2004; Zhao et al. 2013) , and spatial interpolation (Du et al. 2010; He et al. 2013; Zhao et al. 2014 ). The BEF method based on NFI data was widely used for estimation of biomass C in the forests at national scale. However, NFI only investigated the volume of the stand trees, excluding the biomass of shrubs and herbs, dead mass, or soil organic carbon. More recently, studies on forest biomass carbon estimation combining forest inventory data with remote sensing data have gradually proliferated (Piao et al. 2005; Chi 2011; Huang et al. 2013) . However, remote sensing is not appropriate to estimate dead mass and soil organic carbon because fieldmeasured data are scarce. Taken together, insufficient observations and methodological issues greatly inhibit our estimates of all component carbon storage in China's forest ecosystems. Consequently, field-investigated data have always been used to estimate C storage, especially for soil C and dead mass C, at the national scale by the mean C density method. However, because field-investigated data were scarce, the data have been integrated according to the forest type (Ni 2001; Li et al. 2004; Xie et al. 2004; Yang et al. 2014) , administrative region (Yang et al. 2014) , and spatial interpolation (Du et al. 2010; Zhao et al. 2013) . Therefore, these different scale-up methods may have primarily contributed to the inconsistency of results obtained by different studies (Wang et al. 2001 McKinley et al. 2011; Ni 2013) .
To the best of our knowledge, few studies have conducted integrated analyses of C storage including all the elements C density of aboveground biomass (AGC), belowground biomass (BGC), dead mass (DMC), soil organic carbon (SOC), and the associated uncertainties estimated by different integrative methods using fieldmeasured data at the national scale.
The rapid development of forest C cycling research provides a new opportunity for accurate assessments of C storage in China's forest ecosystems. Here, we collected 3868 field-measured data including AGC, BGC, DMC, and SOC in China's forest ecosystems from papers published between 2004 and 2014 and used six integrative methods (three forest type classification methods and three spatial interpolation methods) to calculate the C storage of different components in China's forest ecosystems. This work aimed to address two key issues: (1) providing the first estimate of C storage for different components (AGC, BGC, DMC, and SOC) simultaneously in China's forest ecosystems based on different integrative methods at the national scale and (2) evaluating to what extent these integrative methods cause uncertainty in estimates of C storage in China's forest ecosystems.
Materials and Methods

Study area and forest classification
China covers a broad geographical span and has a large climatic range extending from cold temperate to tropical climate zones from the north to south and arid to humid areas from the northwest to southeast. The broad climatic gradient supports a diversity of forest ecosystems throughout China. Most forests in China are located in the northeast and the southwest regions (Fig. 1) . According to the principles and bases of Chinese vegetation regionalization, China's forests are classified into six forest types groups, 16 forest types, and 38 forest subtypes (Hou et al. 1982 ; Chinese Academy of Sciences 2001; Li et al. 2011 ) (Appendix S1). Thus, C storage estimates can be scaled up from the 16 forest types or the 38 forest subtypes to the six forest type groups.
Dataset source
Carbon density data for different components (AGC, BGC, DMC, and SOC) of China's forests were derived from field-measured data of 485 literatures published from 2004 to 2014 in the Web of Science (http:// www.Web of Science knowledge.com) and in the China National Knowledge Infrastructure (http://www.cnki.net/) (Appendix S2). Study sites represented all climatic zones, spanning cold temperate to tropical. The sites ranged from À5.1 to 23.8°C in mean annual temperature (MAT) and 223 to 2515 mm in mean annual precipitation (MAP). Furthermore, we obtained the China's forest areas and the spatial distribution of different forest types from the vegetation map of China (1:1,000,000 scales) (http:// www.geodata.cn/). Based on this map, the total area of China's forests was 1.5155 9 10 8 ha. Yang et al. 2014 ).
Data collection
Estimates of trees biomass and C density
Tree-level biomass (oven-dried mass) was measured by destructive harvesting and weighing of tree components (e.g., stems, branches, leaves, and roots, kg), and which were subsequently scaled up to the stand level (e.g., stems, branches, leaves, and roots, oven-dried mass per unit area, MgÁha À1 ). In particular, the tree-level root biomass was measured using the full-excavation method . Stand-level tree biomass was determined using plot clear-cutting (1% of the retrieved papers in this study), average tree (87% of the retrieved papers), and allometry (12% of the retrieved papers) methods. Stand-level biomass for the AGC and BGC of trees was estimated from the sum of these components based on tree numbers and sample plot dimensions . However, for allometric equation studies, we only collected reliable stand-level biomass data that applied unique allometric equations developed specifically for each individual study . It should be noted that our stand-level biomass data of trees excluded biomass data estimated using the BEF method and modeling methods. Furthermore, the C contents for stems, branches, leaves, and roots were extracted from data measured by the original studies. When the C content was not directly measured, it was estimated as 45% of dry matter (Levine et al. 1995; Wang et al. 2001 ). Thus, we used biomass and the coefficient of C content to calculate the C density for each component of the trees at stand level.
Estimates of understory vegetation biomass and C density
The aboveground biomass of understory vegetation types (saplings, shrubs, and herbs) was measured using quadrat destructive harvesting methods, while root biomass was measured using full-excavation methods. Subsequently, stand-level aboveground biomass or root biomass for each understory types was calculated from the oven-dried mass of the components and the quadrat area. The C contents of understory vegetations were extracted from the data measured by the original studies. When the C content was not directly measured, it was estimated as 45% of dry matter (Levine et al. 1995; Wang et al. 2001 ). Thus, we used biomass and the coefficient of C content at stand level to calculate the C density of understory vegetation.
Estimates of AGC and BGC
AGC and BGC were calculated using equations (1) and (2).
where B S , B B , B Br , B L , AGB Sh , and AGB H represent the biomass of the stem, bark, branch, leaf of trees, and AGB of shrubs and herbs, respectively (MgÁha À1 ). C S , C B , C Br , C L , C Sh , and C H represent the C content (%) of the stem, bark, branch, leaf of trees, aboveground shrubs and herbs, respectively.
where B root-A , B root-Sh , and B root-H represent the root biomass of trees, shrubs, and herbs, respectively (Mg CÁha À1 ), and C root-A , C root-Sh , and C root-H represent the C content (%) of the roots for trees, shrubs, and herbs, respectively.
Estimates of dead mass and C density
Dead mass in forests includes litter (dead plant organs, e.g., fine branches, leaves, flowers, seeds, and coarse woody debris) and dead trees (standing dead trees and fallen dead trees) in various stages of decay. The mass of litter was determined using quadrat harvesting methods and was subsequently scaled up to the stand level based on quadrat area. The mass of dead trees was measured using average tree and allometry methods and was subsequently scaled up to the stand level based on dead tree numbers and sample plot dimensions. Total dead mass at the stand level was the dead mass sum of stand-level litter and dead trees. The C contents of litter and dead trees were extracted from the measured data in the original studies. When the C content was not directly measured, it was estimated as 45% of dry matter (Levine et al. 1995) . Thus, we calculated DMC at stand level using equation (3).
where DMC, B Litter , and B Dead trees are dead mass C density (MgÁha À1 ), litter mass (MgÁha À1 ), and mass of dead trees (MgÁha À1 ), respectively. C Litter and C Dead trees represent the C content (%) of the litter and dead trees, respectively.
Estimates of SOC density (SOC)
Data on SOC and soil organic matter (SOM) content, soil bulk density, and soil layer depth were extracted from papers published between 2004 and 2014. Our dataset excluded recently disturbed forest plots (e.g., cutting, fire, and fertilizer). Only data from untreated plots was used from manipulation experiments. The SOC value was calculated using the SOM value by a conversion coefficient of 0.58. If soil bulk density data was not directly reported in the published papers, the soil bulk density was calculated using the equation (Paul et al. 2002) .
where %OM is the percent soil organic matter, BD OM is the bulk density of the organic matter (assumed to be 0.244), and BD min soil is the mineral soil bulk density (assumed to be 1.64) (Paul et al. 2002) When the soil sample depth was lower than 100 cm, we used the empirical relationship between soil C content and depth to fit to the 100 cm soil layer. This empirical relationship between soil C content and depth had been established among 74 terrestrial ecosystems in China, using the long-term monitoring data from the Chinese Ecosystem Research Network (Chai et al. 2015) . Here, we randomly selected 445 sites from this dataset to validate the accuracy of the prediction and found that the predicted SOC values were almost perfectly correlated with the measured values in the 0-100 cm soil layer (y = 0.9835x + 3.636, n = 445, R 2 = 0.9774, P < 0.0001, Appendix S7). SOC was calculated using equation (5).
where SOC, H i , BD i , SOC i , and C i are soil organic carbon density (MgÁha À1 ), soil depth (cm), bulk density (gÁcm
À3
), and percentage of rock fraction >2 mm (%), respectively (Yang et al. 2014) .
Overall, the dataset contained 3868 records of C density at the plot scale, including 2452, 2315, 1100, and 1162 detailed records on AGC, BGC, DMC, and SOC, respectively. Furthermore, plot information was also extracted, including latitude, longitude, altitude, MAT, MAP, dominated tree species, forest origin, and stands age. Any missing geographical coordinates were digitized from Google Maps (http://maps.google.com).The spatial distribution of the sampling plots is shown in Figure 1 . Detailed information about the collected data and literature sources is provided in the Appendices (Appendices S3-S6).
Carbon storage estimates using integrative methods
To assess the influence of different integrative methods on C storage estimates in the scaling-up process in this study, we adapted three forest type classification methods and three spatial interpolation methods (Table 1) .
Carbon storage estimates by forest type classification methods
Forests have horizontal and vertical distribution patterns, which are influenced by climate (temperature and precipitation), topography, soil types, and management history (Fang et al. 2012; Reich et al. 2014) . Therefore, forests could be artificially divided into different types at different scales (Hou et al. 1982 ; Chinese Academy of Sciences 2001). Thus, C storage in China's forest ecosystems could be calculated from the different forest types and corresponding area at different scales (Table 1 and Appendix S1). Consequently, the process of scaling-up is of significance, presenting a challenge for using site-scale C storage estimates for large-scale estimates.
For the statistical and comparative analyses, China's forests were classified at three different scales: six forest type groups, 16 forest types, and 38 forest subtypes based on the regionalization of vegetation in China (Hou et al. 1982 ; Chinese Academy of Sciences 2001), the vegetation map of China at 1:1,000,000 scale (http://www.geodata.cn/), and the forest type divisions from the technical specifications of the national forest inventory (Li et al. 2011) . Then, C storage for the different forest components was analyzed according to six forest type groups (M1), 16 forest types (M2), and 38 forest subtypes (M3), respectively (Appendix S1 and Table 1 ).
Carbon storage estimates by spatial interpolation methods
The geostatistical principle assumes that forest distribution gradually changes with latitude, longitude, and altitude (Fang et al. 2012; Reich et al. 2014) ; that is, biomass and C storage at one sampling site may have the highest similarity to that at the nearest site. Based on this assumption, spatial interpolation methods have been widely used to estimate forest biomass C and SOC (Malhi et al. 2006; Sales et al. 2007; Rossi et al. 2009; Du et al. 2010; Zhao et al. 2014) . In practice, we selected three spatial interpolation methods to estimate C storage in China's forest: Kriging interpolation (M4), inverse distance weighted interpolation (M5), and empirical Bayesian kriging interpolation (M6) ( Table 1) . Among these methods, M5 only considers the distance, whereas M4 and M6 consider both the spatial orientation and the distance.
For statistical and comparative analyses, China's forests were divided into six geological regions according to China administrative divisions: northeast China (NE), northwest China (NW), northern China (NC), southwest China (SW), eastern China (EC), and central southern China (CS) (Fig. 1) .
Data analysis
The coefficient of variation (CV, %) was used to assess the variance of the six methods for estimating C storage (Oren et al. 2006; Liang et al. 2010; Yu et al. 2011 which was defined as the ratio of the standard deviation to the mean. AGC, BGC, DMC, and SOC in the 0-100 cm soil layer were estimated by the mean C density method based on three forest type classifications and geostatistical methods by the three spatial interpolation methods. Carbon storage estimated from the 16 forest types and 38 forest subtypes was scaled up to C storage of the six vegetation type groups by area-weighted methods. Spatial interpolation methods were applied using ArcGIS (Version 10.2, ESRI Inc. Redlands, CA). The t-test was used to obtain the 95% confidence level of C storage estimated from six methods (R i386 3.2.1; R Foundation for Statistical Computing, Vienna, Austria).
Results
Carbon density and storage estimates by forest classifications methods
The C density estimated by three forest type classifications varied greatly among different components in the six forest type groups (Table 2, Appendix S8-S10, and Fig. 2 Table 2 ). The C density of all the components estimated from 38 forest subtypes was greater than that of 16 forest types and six forest type groups. At the national scale, the ranges of estimated C density for AGC, BGC, DMC, and SOC were 52. 29-57.15, 11.60-13.01, 4.38-4.67, and 136.11-148.75 Mg CÁha À1 , respectively. The CV values resulting from three forests type classifications were greatest in BGC, followed by SOC and AGC (Fig. 2) . Overall, the total C storage in China's forest ecosystems (including AGC, BGC, DMC, and SOC in the 0-100 cm soil layer) was 30.99-33.88 Pg C with a mean CV value of 4.58% estimated by the three forest type classification methods.
Carbon density and storage estimates using spatial interpolation methods
The C density estimated by three spatial interpolation methods differed among different components in the six regions (Table 3 and Fig. 3 (Fang et al. 2012; Reich et al. 2014) ; that is, biomass C or soil C storage from one sampling site will be most similar to these of the nearest site. On the basis of this assumption, spatial interpolation methods can be used to estimate forest biomass C or soil C storage in China with the highest and lowest CV values for SOC occurring in NE (10.98%) and CS (1.18%), respectively. The C density of AGC and BGC increased with decreasing latitude (from the north to the south) and was the lowest in NC and highest in SW. In contrast, The C density of DMC and SOC increased with increasing latitude (from the south to the north), with the greatest values occurring in NE and SW, while lowest values occurring in NW (Fig. 4) . In general, AGC, BGC, DMC, and SOC at the national scales ranged from 57.12 to 58.63, 13.41 to 13.63, 3.66 to 5.41, and 139.04 to 153.17 Mg CÁha À1 , respectively. Total C storage ranged from 32.35 to 34.96 Pg C with a mean CV value of 4.36% based on three spatial interpolation methods.
Carbon storage in China's forest ecosystems and its uncertainty
The C density estimates for different components in China's forest ecosystems based on six integrative methods were shown in Figure 5 . AGC, BGC, DMC, SOC, and total C density ranged from 52.29 to 58.63, 11.59 to among all C components based on six integrative methods. When combining all of the forest areas, C storage in China's forest ecosystems (including AGC, BGC, DMC, and SOC in the 0-100 cm soil layer) ranged from 30.99 to 34.96 Pg C, with a mean value of 33.16 Pg C (95% confidence interval of 31.43-34.89 Pg C), and CV value of 5.0% estimated by six integrative methods. In general, C storage estimated by three spatial interpolation methods was greater than that estimated by three forest type classification methods. The estimate of M3, which classified forests into 38 types (33.88 Pg C), was closest to the average of the C storage estimated by six integrative methods (33.16 Pg C).
Total C storage in China's forest ecosystems was composed of 25.8% AGC (8.557 Pg C), 5.9% BGC (1.950 Pg C), 2.1% DMC (0.697 Pg C), and 66.2% SOC (21.958 Pg C). The R:S ratio was 0.23, while C storage of SOC was 2.1 times higher than that of biomass C (AGC + BGC).
Discussion Influence of integrative methods on forest C storage estimates
This study provided the first assessment of the C density and C storage in all of the main components of China's forest ecosystems at the national scale using six integrative methods. We detected 5.0% variation in of C storage estimation of China's forest ecosystems when using the six integrative methods. However, the level of uncertainty appeared to vary among the different components of the forest ecosystem, with the highest and lowest variation being obtained for DMC and AGC, respectively. One reason for the high variation of DMC was caused by three spatial interpolation methods. One possible explanation is that large variation in the DMC data (ranging from 0.01 to 58.70 Mg CÁha À1 ) may have a greater influence on the spatial interpolation methods (Yu et al. 2011 ). However, this highest variation had little effect on the C storage estimates of forest ecosystems because DMC only accounted for 2.1% of total C storage. In contrast, although the variation in SOC estimates was 5.3% based on the six integrative methods, SOC estimates played an important role in estimating forest ecosystem C accurately because it accounted for 66.2% of C storage in China's forest ecosystems. Based on six integrative methods, the estimates of C density of SOC in the 0-100 cm soil layer were 136.11- Figure 2 . Coefficient of variation (CV %) of carbon density in the different components of China's forest ecosystems. Data were calculated using three vegetation classification methods. AGC, C density in aboveground biomass; BGC, C density in belowground biomass; DMC, C density in dead mass; SOC, soil organic C density in the 0-100 cm soil layer. DMCF, deciduous broadleaf forest; EBF, evergreen broadleaf forest; CMBF, coniferous mixed broadleaf forest; CTCF, cold temperate coniferous forest; TCF, temperate coniferous forest; WCF, warm coniferous forest. ) based on GLAS and MODIS remote sensing method reported by Chi (2011) . However, it remains impossible to estimate soil C storage in China's forest ecosystems accurately by remote sensing methods. To maintain the consistency of methods used to estimate the C density of AGC, BGC, DMC, and SOC, this study used the mean C density method and spatial interpolation method to estimate forest ecosystem C storage in China, although the linkage between field investigation and remote sensing should improve estimate of AGC to some extent.
Our results demonstrated that the spatial interpolation methods generally produced higher estimates (224.75 Mg CÁha À1 ) of forest ecosystem C density than that of the forest type classification methods (212.90 Mg CÁha À1 ).
One explanation for this difference is that the spatial interpolation methods may be affected more by the number of sampled sites and nearby sites (Yu et al. 2011 ), particularly those with higher C density (Malhi et al. 2006; Sales et al. 2007 ). However, SOC estimates based on inverse distance weighted interpolation (M5) and empirical Bayesian kriging interpolation (M6) methods produced similar results estimated by 38 forest subtype classification method (M3). Rossi et al. (2009) indicated that that SOC estimates based on spatial interpolation methods produced similar results to the vegetation type method. For all methods, estimates of China's forest ecosystems C storage using 38 forest subtypes produced the closest value to the mean of the six methods. Theoretically, C storage estimates should be more accurate with the more refined the vegetation classification (Luyssaert et al. 2010; Ni 2013 ). These findings demonstrate that multiple approaches, especially the multiple-scale integrative method, should be used to estimate the C storage in large-scale forest ecosystems.
Carbon storage estimated in Chinese forest ecosystems
Carbon storage in China's forest ecosystems was estimated to be 30.99-34.96 Pg C based on the six integrative methods, with the AGC, BGC, DMC, and SOC components, representing 7.93-8.89, 1.76-2.07, 0.68-0.82, and 20.63-23.21 Pg C, respectively. This study is the first to simultaneously evaluate C storage in the different components of forest ecosystems in China. Difference and limitation existed in previous studies estimated C storage at the national scale in China's forest ecosystems (Table 4) . One reason for these difference and limitation was the use of the different data sources and the different methods (Baccini et al. 2012; Ni 2013; Wang et al. 2014) . Previous studies mainly used NFI data (Fang et al. 2001; Xu et al. 2007; Guo et al. 2010; Li et al. 2011; Zhang et al. 2013) , global mean vegetation C (Dixon et al. 1994; Li et al. 2004; Ni 2001) , field-measured data Zhou et al. 2000; Ni 2001) , and remote sensing data (Piao et al. 2005; Chi 2011) to 7.81 Pg C (Guo et al. 2010; Li et al. 2011; Zhang et al. 2013 ). At present, there are few studies about BGC in China's forest. Previous studies used R:S ratio as a good parameter to infer BGB at the regional scale. However, this ratio also generates uncertainty, due to differences in forest types and regions (Luo et al. 2012) . Our study indicated that R:S ratio in China's forests at national scales was 0.23, which is similar to the ratio (0.233) reported by Luo et al. (2012) .
Compared with biomass C estimated in China's forests, the studies about the DMC and SOC were much fewer. Carbon density of dead mass in China's forest (8.21 Mg CÁha À1 ) was only reported by Zhou et al. (2000) , which was higher than the value (4.60 Mg CÁha
À1
) estimated in our study. The reason may be that Zhou et al. (2000) only used 720 field sampling sites, lower than 1100 sampling sites in our study. Soil C is the key C components in forest ecosystem and has had greater uncertainty in China's forests Yu et al. 2010; Yang et al. 2014) . Previous studies often used the secondary National Soil Survey data in 1980s and Global Dataset to estimate SOC at the national scales (Dixon et al. 1994; Ni 2001; Li et al. 2004; Yang et al. 2007; Yu et al. 2007 ). Different data sources and different vegetation classifications resulted in different estimated SOC, ranging from 115.90 to 193.55 Mg CÁha À1 (Table 4) . Furthermore, different soil depths were used in the different estimations, which made these estimates incomparable with other studies. Thus, it was important to overcome these limitations to estimate soil C and its distribution with accuracy (Yang et al. 2007 ). In our study, SOC down to 1 m soil depth accounted for 66.2% C storage in China's forest ecosystems. Soil organic C density in the 0-100 cm soil layer was estimated to be 136.11- The data were averaged from three spatial interpolation methods. AGC, C density in aboveground biomass; BGC, C density in belowground biomass; DMC, C density in dead mass; SOC, soil organic C density in the 0-100 cm soil layer.
Mg CÁha
À1 in China's forest ecosystems based on six integrative methods, which was similar to the results (136.00-157.51 Mg CÁha À1 ) reported in previous studies (Dixon et al. 1994; Ni 2001; Yang et al. 2007; Yu et al. 2007) . Another reason for difference in C density estimates was that field observations for BGC, DMC and SOC were insufficient in forest ecosystems (Pan et al. 2011; Ni 2013) . Because of the lack of field investigation on soil C, the proportion of soil C storage in total forest ecosystem has been roughly estimated as 10% in global forests (Pan et al. 2011 ) and 30% in European forests (Luyssaert et al. 2010) . In China, Forest biomass C storage was furtherly estimated using NFI data during different periods (Fang et al. 2001; Xu et al. 2007; Guo et al. 2010; Li et al. 2011; Zhang et al. 2013 ). However, DMC and SOC were rarely studied in China's forest ecosystems. Compared with NFI data across various periods, periodic surveys of soil in China's forests had not been conducted, which limits the estimates of soil C and results in great uncertainty on the C storage in China's forest ecosystems (Xie et al. 2004; Fang et al. 2007; Yang et al. 2007 Yang et al. , 2014 . Thus, more soil surveys and sampling sites measuring SOC are required in forest ecosystems (Yu et al. 2007; Rossi et al. 2009; Yang et al. 2014) . Our study also supported that simultaneous field observations of C storage in AGC, BGC, DMC, and SOC in China's forest ecosystems should be strengthened in the future.
In addition, different forest type classifications may produce different estimates of C storage because of changes in C density and forest type areas (Luyssaert et al. 2010; Ni 2013 ). In our study, three forest classifications (six forest type groups, 16 forest types, and 38 forest subtypes) at coarse, median, and fine scales caused estimates of AGC to range from 52.29 to 57.15 Mg CÁha À1 , while that of BGC ranged from 11.59 to 13.00 Mg CÁha À1 , and that of SOC ranged from 136.11 to 148.75 Mg CÁha À1 . Ni (2013) and Zhang et al. (2013) indicated that C storage changes with changes of vegetation classification schemes. Theoretically, C storage estimates should be more accurate with the more refined the vegetation classification (Luyssaert et al. 2010; Ni 2013 ). In our study, the estimate of C storage based on 38 forest subtypes, which covered most of the dominant tree species in China's forests, was the closest to the mean value at the national scale. Our findings provide the first evidence demonstrating that integrative methods have an important influence on estimates of forest C storage at the national scale. Yet, previous studies only used one method for the estimates Figure 5 . Estimation of carbon density and storage based on the six integrative methods. See Table 1 for a description of the methods. (A) aboveground biomass C density (AGC), (B) belowground biomass C density (BGC), (C) dead mass C density (DMC), (D) soil organic C density in the 0-100 cm soil layer (SOC), (E) ecosystem C density, and (F) ecosystem C storage. In panel (F), the red line indicates mean C storage, and the rectangular area is the variation range at the 95% confidence level estimated by t-test. of C storage in forest ecosystems. Thus, we suggest that multiple approaches should be used to improve the accuracy of C storage in forest ecosystems.
Conclusions
Variation between different integrative methods has noticeable impacts on the accuracy of C storage estimates in forest ecosystems at national scales. Variation in total C storage estimates of China's forest ecosystems was approximately 5.0% when using six integrative methods in this study. The level of uncertainty differed among different forest C components, with the highest values being obtained for DMC and SOC. Carbon storage in China's forest ecosystems combined was estimated to be 30.99-34.96 Pg C, based on the six integrative methods, with the AGC, BGC, DMC, and SOC components representing 7. 93-8.89, 1.76-2.07, 0.68-0.82, and 20.63-23 .21 Pg C, respectively. Among the three forest classification methods, the C storage estimate based on the 38 forest subtype classification (M3) was closer to the mean value at the national scale. Similarly, the accuracy of C storage estimates by Kling interpolation (M4) was closer to mean value than inverse distance weighted interpolation (M5) and empirical Bayesian kriging interpolation (M6) methods. In general, C storage estimates obtained from the three spatial interpolation methods tended to be higher than those obtained from the forest type classification methods. Overall, the 38 forest subtype classification scheme at the national scale (M3) generated the closest data to mean estimated C storage value for China's forest ecosystems. The findings of this study demonstrate that the underlying influences of integrative methods should be emphasized in future studies. In conclusion, to our knowledge, this work presents the first assessment of C storage in relation to the various components of China's forest ecosystem at the national scale, which may help toward understanding the potential roles of Chinese forests in responding to global climate warming.
